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a  b  s  t  r  a  c  t
Aim:  This  study  evaluated  a convolutional  neural  network  (CNN)  for automatically  delineating  the liver
on contrast-enhanced  or  non-contrast-enhanced  CT,  making  comparisons  with  a commercial  automated
technique  (MIM Maestro®).
Background:  Intensity-modulated  radiation  therapy  requires  careful  labor-intensive  planning  involving
delineation  of the  target  and  organs  on  CT  or  MR  images  to ensure  delivery  of  the  effective  dose  to  the
target  while  avoiding  organs  at risk.
Materials  and Methods:  Contrast-enhanced  planning  CT  images  from  101 pancreatic  cancer  cases  and
accompanying  mask  images  showing  manually-delineated  liver  contours  were  used  to train  the  CNN  to
segment  the liver.  The  trained  CNN then  performed  liver  segmentation  on  a further  20  contrast-enhanced
and  15  non-contrastenhanced  CT  image  sets,  producing  three-dimensional  mask  images  of the  liver.
Results:  For  both  contrast-enhanced  and non-contrast-enhanced  images,  the  mean  Dice  similarity  coef-
ficients  between  CNN  segmentations  and  ground-truth  manual  segmentations  were significantly  higher
than  those  between  ground-truth  and  MIM  Maestro  software  (p < 0.001).  Although  mean  CT  values  of the
liver were  higher  on  contrast-enhanced  than  on  non-contrast-enhanced  CT,  there  were  no  significant  dif-
ferences  in  the  Hausdorff  distances  of the  CNN  segmentations,  indicating  that  the  CNN  could  successfully
segment  the  liver on  both  image  types,  despite  being  trained  only  on  contrast-enhanced  images.
Conclusions:  Our  results  suggest  that  a CNN can  perform  highly  accurate  automated  delineation  of  the
liver on  CT  images,  irrespective  of  whether  the CT images  are  contrast-enhanced  or  not.











The definition of target tumors and organs at risk (OARs) forms
a very important part of the radiotherapy (RT) planning process.
Target tumors and OARs are typically defined by manual delin-
eation of their respective regions on computed tomography (CT) or
magnetic resonance images (MRI) acquired for the RT simulation.
Accurate delineation is essential for the planning of intensity mod-
ulated radiation therapy to ensure delivery of the effective dose to
target tumors and avoid exposing OARs.1–4
Target tumors and OARs are generally manually delineated on
each slice of the CT and/or MRI  images, and the large number of
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n particular, delineation of the liver region on abdominal images
ay  require substantial time from the planner, because the liver
s the biggest organ in the abdomen. Furthermore, it has been
eported that delineation accuracy is influenced by interobserver
ariability.5,6 For these reasons, software has been developed for
he automatic delineation of tumors and organs.7–9 However, the
hapes of organs on images differ between patients, with the vari-
tions being caused by many factors including sex, height, weight,
istory of surgery, and respiration. Furthermore, the voxel values
e.g. the CT number in CT images) and contrast of organs depend
n the scan parameters and use of contrast-enhancement agents.
Recently, machine learning using convolutional neural net-
orks (CNNs) with deep learning architectures has attracted thenterest of researchers working on automatic delineation for RT
lanning. CNNs can learn to automatically perform classification
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where the original image and desired output is provided, and then,
once trained, they can produce the desired classification output
for new unseen images. However, although some studies have
reported using CNNs for organ delineation on medical images,10–13
the criteria used were not uniform and the target organ datasets
varied between studies, and this field, therefore, remains challeng-
ing.
In RT planning, the use of contrast-enhancement agents is
important for the delineation of organs. Contrast-enhanced CT
(CECT) images have been reported to be very effective for tumor
delineation,14,15 but in some cases, contrast agents cannot be used.
The aim of this study was, therefore, to evaluate liver delin-
eation on non-contrast enhanced CT (nCECT) images using CNNs
trained on CECT image data, with comparisons also being made
with conventional commercial delineation software.
2. Materials and methods
2.1. Image acquisition
This retrospective study was approved by our institution’s eth-
ical review board. CT images were collected to form the CECT and
nCECT groups. 121 cases and fifteen cases that underwent pancre-
atic cancer RT planning were included in CECT and nCECT group,
respectively.
Patients were instructed to fast for three hours before the CT
scan, and to drink 3 mL  of water-soluble gastrointestinal contrast
agent diluted with 30 mL  distilled water just before imaging, to
make the lumen of the stomach easier to define. For the CECT cases,
the patients were injected with 450 mgI/kg nonionic iodine con-
trast agent in the upper arm vein at a rate of 3.0 mL/s, and were then
scanned after 45 s. Irrespective of whether contrast agent was used,
the patients were instructed to exhale immediately prior to the CT
scan and, then, not to breathe in during the CT scan. All scans were
acquired on a multi detector CT scanner (GE LightSpeed, 16 slices,
General Electric Co., Waukesha, WI)  with 120 kVp tube voltage,
250–440 mA  (13 noise index) current, 12 × 1.25 mm collimation,
normalized pitch of 0.938, 0.5 s rotation time, 512 × 512 matrix, and
50-cm field of view. Transverse images were reconstructed at 2.5-
mm slice thickness using a moderately soft reconstruction kernel
(standard).
All image sets consisted of CT images and binary images show-
ing the contours of the delineated liver. The livers were delineated
by one of seven radiation oncologists with over five years of expe-
rience, with allocations to each oncologist made on a random basis.
One hundred and one cases were randomly selected from the CECT
group for use as training data, while the remaining 20 cases from the
CECT group and all cases in the nCECT group were used as validation
data.
2.2. Convolutional neural network training
An outline of the study’s method is given in Fig. 1. First, to train
the CNN efficiently, all CT images were compressed from 16 bit to
8 bit. All contour images were converted to mask images by filling
the inside of the liver outline. Then, the CT images and their cor-
responding mask images were rotated to −30◦, −15◦, 15◦, and 30◦
for data augmentation. These extra image sets were added to the
original data to augment the training dataset. All image processing
was performed using Image J (NIH, Bethesda, Maryland).The CNN designed in our study has a structure similar to U-
net,16 and used the training dataset with mask images as supervised
input data. The hyper parameters were determined using a grid
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mplemented using the Sony Neural Network Console (Sony Net-
ork Communication Inc, Tokyo, Japan).
.3. Automatic segmentation
The trained CNN was  used to perform automatic liver segmen-
ation on the validation data consisting of 20 CECT and 15 nCECT
cquisitions. The output images were not binary images, but 8-bit
ray scale images, with the closer the intensity to 255, the higher
he probability of the region being the liver. The output images
ere then binarized using a threshold of 128, with values above
28 being defined as the liver. The largest continuous region in
hree dimensions was then extracted to obtain the final automatic
egmentation result.
For comparison purposes, automatic liver segmentation was
lso performed using commercial software (MIM Maestro®, MIM
oftware Inc, Cleveland, Ohio). In this software, users designate
lice positions including the upper and lower end of the liver on
he CT image, and the liver region is then automatically segmented
y referring to the most similar example among several dozen
iver segmentation results registered in advance. The user is able to
elect either contrast or non-contrast-enhanced data, and the soft-
are selects the appropriate method for the images to be analyzed.
.4. Statistical analysis
Dice coefficients (DC) were calculated for the similarities
etween the ground-truth liver segmentations and the CNN and
onventional software segmentation results. The DC is expressed
y the following formula:














here A is the ground truth liver region (i.e., the original mask
mage) and B is the automatic segmentation region. DC is a number
n a scale of 0–1. DC value of 0 means that the two  structures do
ot share a volume or overlap, and the value of 1 means that the
wo structures have the same volume and overlap. The Dice coeffi-
ients DCCNN and DCconv were calculated for the results of the CNN
nd conventional methods, respectively, and were also calculated
eparately for the CECT and nCECT groups.
Next, the Hausdorff distances17 between the ground truth liver
ontours and the contours of each automatic segmentation method
ere calculated separately for the CECT and nCECT groups. The
ausdorff distance was  defined as the maximum value of the short-
st distances from any point in set A to another set B, which in
his study was the maximum distance from a point on the sur-
ace of one liver segmentation to the closest point on the surface of
nother segmentation. The Hausdorff Distance was used to evalu-
te the similarity of the contours in each slice, with dCNN or dconv
eing the distances between the ground-truth liver contours and
he CNN or conventional software contours, respectively.
Wilcoxon’s signed-rank test was  used to compare the CNN
nd conventional methods in the CECT and nCECT groups. The
ann–Whitney U test was used to test the difference between the
ECT and nCECT groups for the two  methods.
A p value of less than 0.05 was considered to indicate a sig-
ificant difference. Statistical analysis was  performed using the R
tatistical package (version 3.5.1, R Foundation for Statistical Com-
uting, Vienna, Austria.).
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Fig. 1. Outline of the study methods.
Fig. 2. Dice coefficient comparisons of the CNN and conventional segmentation
methods.

















ventional method, the CNN method accurately separated andthe results of the conventional method.
3. Results
The mean DCCNN values (and standard deviation) of the CECT
and nCECT groups were 0.961 ± 0.01and 0.949 ± 0.02, respectively
(Fig. 2), while the corresponding DCconv values were 0.844 ± 0.06
and 0.841 ± 0.08. The DCCNN values were significantly higher than
the DCconv values in both the CECT and nCECT groups (p < 0.001).
The DCCNN values of the CECT images were significantly higher than
those of the nCECT images (p = 0.003), although the DCconv val-
ues showed no significant difference between the CECT and nCECT
image sets (p = 0.95).
The mean dCNN values (and standard deviation) of the CECT
and nCECT groups were 7.87 ± 4.28 and 8.59 ± 4.97, respectively
(Fig. 3), while the corresponding dconv values were 24.5 ± 7.9 and
29.9 ± 21.98. Statistical analysis of the Hausdorff distance showed
that the similarity of the liver contours was significantly higher
with the CNN than with the conventional software, in both the CECT
and nCECT groups (p < 0.001). However, there were no significant




983ig. 3. Hausdorff distance comparisons of the CNN and conventional methods.
he  blue box plots show the results of the CNN method, and the red box plots show
he results of the conventional method.
he CNN segmentation (p = 0.82) or conventional software method
p = 0.85).
Examples of the CECT and nCECT results are shown in
igs. 4 and 5, respectively. In both figures, the CNN segmenta-
ion results of the upper, middle, and lower parts of the liver are
ompared with the segmentation results of the ground-truth and
onventional method.
. Discussion
In this study, we show that automatic liver segmentation of
bdominal CECT images can be successfully performed by a CNN
rained on CECT images. The DC between the ground-truth results
nd those of the CNN was  0.96, indicating relatively high accu-
acy, and these results were higher than those of the conventional
oftware. The Hausdorff distance evaluation also showed the same
rend as the DC results. In Figs. 4 and 5, compared to the con-elineated the boundary between the rib and the liver. Even when
omparing the time spent on output, mean delineation time of
he liver on CT images by the radiotherapists was about 10 min,
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Fig. 4. Comparison of the CNN and conventional method on contrast-enhanced CT.
All  images are composites of the original CECT and segmentation result images. The red lines represent the contour of the liver delineated by the radiation oncologists (ground
truth)  and automatically segmented by the CNN or conventional method. From top to bottom, examples of upper, middle, and lower parts of the liver on contrast-enhanced
CT.
Fig. 5. Comparison of the CNN and conventional method on non-contrast-enhanced CT (nCECT).
All  images are composites of the original nCECT and segmentation result images. The red lines represent the contours of the liver delineated by radiation oncologists (ground
truth)  and automatically segmented by CNN or the conventional method. From top to bottom, examples of upper, middle, and lower parts of the liver on nCECT.
984






































Fig. 6. Examples that were not successfully segmented by our CNN method.
The red lines represent the contours of the liver automatically segmented by the CN
segmentations.
the segmentation time of the conventional method was  about
several minutes, while the CNN was able to segment in a few sec-
onds per case. These results suggest that CNN-based automatic
liver segmentation has the potential to replace the role of conven-
tional segmentation. The output data of our CNN model were little
affected by measurement bias, because the CNN was  trained using
ground-truth liver segmentations performed by seven radiothera-
pists who were randomly allocated different image sets.
Although CECT images were used as training data for the CNN,
the trained CNN also successfully delineated the liver on nCECT
images. The mean CT values of the liver on CECT and nCECT were
182 HU and 160 HU, respectively. The DC values of the nCECT were
lower than those of the CECT images. When focusing only on the
liver contour, the CNN Hausdorff distances of the CECT and nCECT
groups were not significantly different. One of the reasons for this is
that the automatic segmentation by the CNN does not only depend
on the CT values of the liver, but is also affected by the shape and
positional relationship of the liver in the body.
If the CNN was trained with nCECT images, the accuracy of the
automatic segmentation would probably be even higher, although
the use of nCECT data for training is subject to some problems. One
of these problems is the difficulty in collecting sufficient nCECT
data. In our institution, a CECT examination is the first choice for
pancreatic cancer RT planning. Although some other institutions
use non-contrast CT for RT calculations and contrast CT for RT
contouring, in the dose calculation algorithm named anisotropic
analytical algorithm (AAA; Varian Medical Systems, Palo Alto, CA,
USA), the difference between the calculation results of non-contrast
and contrast CT is very small,18 and we rather consider the effect of
organ shift due to the difference in breath holding between them. A
CECT examination is necessary to accurately evaluate the size of the
tumor just before performing the RT planning, because it is possible
that the examination date of the original diagnostic imaging and the
RT starting date may  be far apart. An nCECT examination is gener-
ally only selected when the patient is at risk of adverse effects from
iodine-based contrast agents, and as patients at risk of such adverse
effects are rare in Japan,19 it was not possible to obtain enough cases
for the CNN training within the time period surveyed. We  consid-
ered the possibility of using diagnostic CT images as a case of the
nCECT group. However, these images were excluded in this study
because of the influence of geometrical differences between the CT
images for RT simulation and diagnostics (CT scanner cradle shape,
breath-holding method, image field of view, slice thickness, etc.).
On nCECT, differences in the CT values of each organ in the abdomen
F
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985thod. Parts of a gallbladder and kidney were accidentally included in the CNN liver
re smaller than on CECT, and the accuracy of automatic contouring
ends generally to decrease in comparison with CECT. However, we
howed that high accuracy segmentation can be achieved on nCECT
mages using the CNN.
There have been several previous reports on automatic seg-
entation of the liver using CNNs, with studies performed under
arious conditions. Landman et al. described a CNN that learned
bdominal MRI  images of 36 cases, and then automatically
xtracted 9 cases, with a DC of 0.913 for segmentation of the liver.12
 study by Hu et al. reported a DC of 0.971 for liver segmentation on
2 abdominal CT images using deep 3D CNN.13 High accuracy was
ound for the CNN-based automatic segmentation of the liver in all
revious relevant studies and, in this respect, our study found simi-
ar DC values. However, it should be noted that the results cannot be
irectly compared, because the conditions for selecting cases and
cquiring the images used as training data differ between studies.
urthermore, there have been no reports describing the automatic
egmentation of the liver on nCECT images using a CNN trained on
ECT images.
A possible limitation of our study is that there were no cases
here the liver regions contained tissues differing from normal
iver tissue, such as liver cysts and cancer. If cases with these dis-
ases were included in the validation data, the accuracy of the
utomatic segmentation might have been reduced. In addition,
hile the upper and middle part of the liver could be segmented
ccurately, in the lower part, the gallbladder, kidney, and intestine
ere occasionally wrongly included in the liver region (Fig. 6). This
as  partly caused by the greater variations in the other adjacent
rgans in the lower part of the liver in comparison with the upper
nd middle sections. To solve this problem, it will be necessary to
urther increase the training data.
This study suggests that highly accurate delineation of the liver
or radiation treatment planning can be obtained automatically
n a few seconds using the CNN, irrespective of whether the CT
mages are CECT or nCECT images; this allows the burden of manual
elineation on the treatment planner to be reduced. In the future,
evelopment of a CNN model for the automatic segmentation of not
nly the liver, but also other abdominal organs and lymph nodes,
ill be required.inancial disclosure statement
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